COVID-19 has infected more than 823,000 people globally and resulted in over 40,000 deaths as of April 1, 2020. Swift government response to contain the outbreak requires accurate and continuous census of the infected population, particularly with regards to viral carriers without severe symptoms. We take on this task by converting the symptom onset time distribution, which we calibrated, into the percentage of the latent, pre-symptomatic and symptomatic groups through a novel mathematical procedure. We then estimate the reduction of the basic reproduction number 0 under specific disease control practices such as contact tracing, testing, social distancing, wearing masks and staying at home. When these measures are implemented in parallel, their effects on 0 multiply. For example, if 70% of the general public wear masks and contact tracing is conducted at 60% efficiency within a 4-day time frame, epidemic growth will be flattened in the hardest hit countries. Finally, we analyze the bell-shaped curves of epidemic evolution from various affected regions and point out the significance of a universal decay rate of −0.32/day in the final eradication of the disease.
As the specific symptoms of COVID-19 are now well-publicized, symptomatic transmissions are being contained in most countries. However, disease transmission by pre-symptomatic and asymptomatic viral carriers is much harder to deal with due to its hidden nature (5) . Clinical data reveals that viral load becomes significant before the symptom onset (6) (7) (8) . The epidemiological investigation has identified cases of pre-symptomatic transmission based on the onset time interval studies (9) (10) (11) (12) . Estimates vary greatly among experts on the percentage of total transmission due to this group of viral carriers, ranging from as low as 18% to over 50% (13) (14) (15) . A model-based study by Ferretti et al. (16) suggested that pre-symptomatic transmission alone could yield a basic reproduction number 0, = 0.9, close to the critical value of 1.0 that sustains epidemic growth. As the epidemic is driven by the most infectious group at any given period, it is not inconceivable that, as symptomatic transmission loses heat, pre-symptomatic and asymptomatic transmission takes over in fueling the outbreak (5) .
To tackle the myriad of issues and questions regarding the outbreak, a simple quantitative model, based on the clinical facts of COVID-19 transmission, is much desired. The model can provide a timely assessment of current intervention measures and of new policies to change the course of the pandemic. In this paper, we show that such a goal is indeed reachable. By transforming the symptom onset time distribution into the reproductive rate since infection, we build a quantitative model that brings out universal features of individual outbreaks. The model allows one to convert the cumulative number of confirmed cases to the current size of the presymptomatic population. Subsequently, one can estimate the percentage reduction in the basic reproduction number 0 (estimated to be around 3.68 at a growth rate of 0.3/day) due to contact tracing, wearing masks and other additional measures, individually or in combination. Additionally, we present our findings against the epidemic development curves around the world to highlight the level of social mobilization required to prevent COVID-19 from spreading further.
Model
In epidemiological studies, the central quantity is the average number of infections per unit time ( ) by a viral carrier who was infected at = 0 (17, 18) . In the case of COVID-19, disease transmission by a given individual peaks around his/her symptom onset time (7, 8) , as illustrated by the infectiousness curve shown in Fig. 1 .
This property, when averaged over the population, gives an ( ) that peaks at nearly the same time as the symptom onset time distribution, which we denote by ( ). In fact, when the time window of transmission is narrow compared to the mean symptom onset time , we have approximately ( ) ≈ 0 ( ).
(1) Equation (1) forms the basis of our analysis. Throughout this paper, we shall use 0 to denote the mean number of secondary infections per infected individual in the population considered.
To incorporate the actual shape of the infectiousness curve, we developed a more complete model as presented in Supplementary Materials (SM). The model splits the pre-symptomatic period into two phases, a non-infectious latent phase L, followed by the infectious pre-symptomatic phase A. As usually done in SEIR type models (19) , the infected population is grouped by the symptom phases, denoted as L, A, and S, except that a non-Markovian formulation is required here to accommodate an arbitrary onset time distribution. Starting from infection at = 0, an individual first stays in the latent phase L. Transition to phase A takes place at a rate ( ), which increases with . After some time in phase A, the individual develops symptoms and enters the symptomatic S phase at a rate , independent of how long the person has been in phase A. The mean duration of phase A is given by −1 , chosen to correspond to the size of the left-wing of the infectiousness curve. The transmission rate in phase A is set by . Once in S, the person remains in this phase and the subsequent disease development is not followed. Disease transmission rate ( ) is a function of = − that matches the right-wing of the infectiousness curve. The total area underneath the infectiousness curve is given by 0 = 0 + 0 , with 0 = / , and 0 = ∫ ( ) ∞ 0 . Introducing a parameter eff = + 0 , we have
This completes the specification of our detailed model. In SM, we show that the ( ) of this model can be written in the form of Eq. (1) with a slightly modified onset time distribution. In view of its mathematical simplicity, we will adopt Eq. (1) in the following and leave the more technical discussions to SM. Denoting by ( ) the size of the infected population in phase A in a well-mixed community, we have
with the kernel function given by
An obvious advantage of our formulation, as compared to the more traditional approaches (16, (20) (21) (22) . , is that its parameters have clear physical meaning and thus can be determined directly from clinical case studies. We undertake this task below using available data. By combining two data sets (11, 23) with a total of 159 infection cases, we calibrated the statistical behavior of the symptom onset time as shown in Fig. 2a , and obtained a mean value = 5.17 days, with a standard deviation of 2.93 days. The data is validated against a serial interval study on 468 infection pairs (9) with excellent consistency (see SM). Starting from day 6, ( ) decays exponentially at a rate of −0.32/day. As will be elaborated later, this decay rate is also seen in the decreasing rate of daily cases when the infectious population is fully isolated and can be attributed to the statistics of the latent period . The parameter controls the apparent duration of phase A, but its actual value has only a weak effect on our predictions. In our numerical exploration, we use the estimated value ≈ 0.75/day based on a data set compiled by Xia et al. (11) . The basic reproduction number 0 reflects the regional social contact pattern in a specific period. Figure 2b shows the probabilities that a given individual is in one of the three phases at day t after infection, computed using the formula in Table S1 (SM). The red line marks the boundary between the pre-symptomatic and symptomatic phases. Dashed lines above the red line indicate probabilities that the individual is one day or two days into the symptomatic phase, respectively. The width of the orange region, on the other hand, is proportional to −1 = 1.5 days. Figure 2c , obtained from the Laplace transforms of these curves, gives the percentage of the infected population in each of the three phases on a given day when the epidemic is growing at a rate . These curves allow for estimation of the hidden population in L and A from the knowledge of S in real-time and form the basis for quantitative assessment of intervention measures. The actual size of S, which includes all individuals who have developed symptoms in the past, regardless of whether they have recovered from the disease, can be estimated from the total number of confirmed cases until that time point. Note that at high growth rates, probabilities at short times in Fig. 2b contribute more to the Laplace transforms, leading to a larger percentage of the total infectious population being constituted by the hidden population.
Under Eq. (1), the well-known Lotka-Euler estimating equation (24) yields,
where
is the Laplace transform of ( ). Using our calibrated numbers, we obtain from Eq. (5) the 0 -curve shown in Fig. 2d for COVID-19, which covers both growth and decline phases of the epidemic. The slope of the curve at 0 = 1 is given by 1/ , where is the mean generation time and equals = 5.17 days under Eq. (1) (see Fig. 2a ). At the very high growth rate of = 0.3/day seen in China in late January 2020 and now in Europe and the US in March 2020, our estimated value of 0 is 3.68. According to Eq. (2), 0 is proportional to the transmission parameter β eff . Thus if one is to rely on social distancing alone, the number of close social contacts per individual needs to be reduced to 27% of its original level to reach 0 = 1.0 so as to halt exponential growth, highlighting the tremendous sacrifice required to curb a rapidly growing outbreak. The left end of the curve gives an ultimate epidemic decay rate of −0.32/day at 0 = 0, i.e., a complete eradication of disease transmission.
Evaluation of Intervention Measures
To lessen the impact of social distancing practices on the general public, governments have mainly adopted two measures to track COVID-19 transmission: 1) testing and isolating infected individuals; and 2) tracing and quarantining contacts of infected individuals. For testing control, persons who had close contact with a confirmed infection case are asked to undergo voluntary or mandatory testing for infection, and quarantined when the result is positive. From Fig. 2b we see that, if the test is conducted too close to the day of infection, the individual has a high probability to still be in the latent phase, hence the test result is likely to be negative. On the other hand, if the test is conducted too late, the person may have already infected others so that the reduction of ( ) given by Eq. (1) is small. Therefore, there is an optimal interval between infection date and the test date, which we analyzed in SM. Figure 3a shows the function ( ) = ( )/ 0 without intervention, and in three examples when the test was performed on day 2, day 3 and day 4 after infection, under the best-case scenario when all close contacts were traced and test results were immediately available. Relative change of the basic reproduction number 0 is given by the sandwiched area in each case. In Fig. 3b , we show the reduction of 0 as a function of the test date after infection for immediate reporting (red line) and delay of result by one day (blue line), with an initial value of 0 = 3.68. The best result is obtained when the test is performed on day 4. This corresponds to the day when the width of the orange region in Fig. 2b is the widest. The actual values depend on the total width of the infectious interval, which should also extend to the symptomatic side if self-quarantine is not assumed.
For contact tracing and quarantining, we show our results for aggressive contact tracing under the scenario that all close contacts are traced and quarantined on day after infection, without testing the individual for the virus (Fig. 3b) . The reduction of 0 is much greater if full tracing and quarantining are executed within 2-3 days after infection. An 80% tracing efficiency shrinks the time window to 1 day for achieving the same effect. The above estimation procedure can be generalized to cases when testing or contact tracing is completed within a given period rather than on a particular day in terms of a weighted average of the reductions (see SM). These numbers can be used to design optimal strategies that combine social distancing, testing and contact tracing to contain the epidemic in a particular region, taking into account the local political, economic and social situations.
Other than government-led intervention, individual-led interventions, including social-distancing, mask-wearing, frequent hands washing, etc., may reduce disease transmission and slow down the outbreak. Among them, population-wide mask wearing is currently under debate (25) . It is enforced in most Asian countries, but not recommended by the CDCs in the EU and USA as of 31 March, 2020. Given the now established risk of pre-symptomatic transmission, and the dominant role of droplet-mediated COVID-19 infections (26), masks with relatively low efficacy for personal protection may nevertheless reduce the overall infections in a population (27) . Based on a previous study on influenza aerosols (28), we constructed a semiquantitative model to show that mask-wearing reduces eff and hence 0 by a factor (1 − ⋅ ) 2 , where is the efficacy of trapping viral particles inside the mask, and is the percentage of mask-wearing population (see SM). According to this model, mask-wearing at 96% alone could flatten an epidemic growing at a rate of 0.3/day by bringing down 0 from its original value of 3.68 to 1. When combined with contact tracing (Fig. 3b ), the two effects multiply. Figure 3c shows a heatmap of the reduced 0 when contact tracing and isolation is completed within 4 days of infection. The solid yellow line indicates that the reduced 0 reaches 1. For example, the combination of tracing of close contacts at 60% efficiency within 4 days and 70% of the general public wearing masks achieves the same purpose. This target line can be reached with lower percentages when close contacts can be found within 2 days of possible infection (red dashed line), but the numbers need to be higher when the time frame is relaxed to 7 days (green dashed line).
Three-phase Epidemic Development
From the time-series data of daily confirmed cases of COVID-19 obtained from the Johns Hopkins CSSE Repository (29), we identify three phases of COVID-19 epidemic development from different places in China following the Wuhan lockdown on January 23, 2020, with universal features at the beginning and end of regional outbreaks. These observations are interpreted within our model setting.
Phase I is characterized by exponential growth of the epidemic. In China, in the first week after the Wuhan lockdown on January 23, 2020, the number of daily confirmed cases continued to grow at a rate of approximately 0.3/day ( Fig. 4a and 4b , dashedblack line), equivalent to an eight-fold increase per week. Data shows that most of the growth during this period is related to infections that can be traced to Hubei province, the epicenter of the initial outbreak. As we explain in the SM, the universal growth rate is set by latent, pre-symptomatic and symptomatic viral carriers from Hubei province, whose percentage among these travelers, while still low, grows exponentially in that period. The fraction of local infections can be calculated using our model, and the result depends on the local value of 0 .
Phase II is a crossover phase where public policies on border control and to contain the disease spreading are taking effect. On a logarithmic scale, data from the most affected provinces apart from Hubei show consistent behavior. Close examination, however, reveals sporadic outbreaks in local communities that vary from province to province. Well-known examples include prison cases in Hubei, Shandong and Zhejiang provinces (30) . Overall, under the swift and forceful implementation of contact tracing, isolation and social distancing policies, turnaround of the epidemic in provinces other than Hubei was reached in about three weeks after the regional lockdown. In Fig. 4b and the supplementary Fig. S5 , we present simulation results using our model, assuming a linear decrease of 0 from a local value of 2.0 to zero over a period , which indeed reproduces the bell-shaped curve as seen in Fig. 4 . The more gradual change of 0 assumed in our simulations can be interpreted as due to the progressive government policies including additional lockdowns, which took place from February 4-10 (31, 32), as well as the time needed for these policies to take effect in communities that experienced new outbreaks.
Phase III, or the final descent, occurred when the intervention measures essentially eliminated new outbreaks. The few that surfaced were quickly identified and contained. Within our model, the newly confirmed cases in this period are identified with the shrinking number of individuals moving from the latent to the symptomatic phase, as one moves along the time axis in Fig. 2b . Strikingly, the observed decay rate in this phase reached the maximum value of 0.32/day, including data from Hubei province shown in Fig. 4a . This observation indicates that the infected cases were isolated at extremely high efficiency.
We now examine the situation elsewhere in the world. Exponential growth with a daily growth rate of around 0.3 is seen in the latest epidemic data from a number of countries (Fig. 4c ). While these outbreaks were initially seeded by imported cases, they are now largely driven by local infections. Under successful interventions, a few countries have transitioned to the crossover phase observed in China in February (Fig. 4d ). The government of Italy imposed a national quarantine on March 9 (33), after which growth in the number of newly confirmed cases slowed down (29) . On the other hand, South Korea adopted very aggressive contact tracing and testing policies (34, 35) , enabling the country to bring the initially rampaging outbreak to a much more manageable level at 0 ≈ 1 (Fig. 4d, stars) . These countries are now facing the challenge of dealing with import driven growth, which can be analyzed using our model (see SM).
Conclusions
We have developed a simple yet powerful model to describe the spread of COVID-19 infection, which can be applied to communal outbreaks. The effect of intervention measures in a regional or national setting, such as border closing, social distancing, contact tracing, testing, quarantining and mask wearing, can be readily incorporated into the model for quantitative assessment and prediction. In the ongoing battle in many countries, further reduction of the still positive growth rate requires quantitative evaluation of the proposed measures. While the data used to construct the reproduction rate function given by Eq. (1) will continue to be updated, our current predictions should already be informative to decision-makers. As the pandemic is fueled by transmission in the fastest growing community, reaching out to all sectors of society will pose the biggest challenge. In this respect, comprehensive monitoring of the pandemic development will be essential.
An important issue not treated explicitly in this work is the role played by asymptomatic carriers of the virus, i.e., those who never exhibit severe symptoms. We have made the implicit but plausible assumption that the reproduction rate function for this group of infected individuals is weaker or the same as the one given by Eq. (1), in which case their contribution is slaved to the group captured by Eq.
(3), without altering the main structure of our model. We would like to emphasize that transmission by both pre-symptomatic and asymptomatic viral carriers can be much reduced under strict enforcement of social distancing and staying at home regulations in combination with wearing masks in public places, particularly when available resources and infrastructure do not allow for robust implementation of contact tracing and testing within the required time frames.
Figure 1. Transmission of COVID-19 during disease progression and intervention. COVID-19 disease progression and transmission:
A person infected at time = 0 first goes through a non-infectious latent phase (L) until , marking the start of the infectious period. The infectious period consists of two phases, presymptomatic (A) and symptomatic (S). In phase A, the person is infectious without symptoms, during which the virus can be spread through pre-symptomatic transmission (orange dashed arrow). At the symptom onset time , the person enters the S phase and infects others with symptomatic transmission (blue dashed arrow). The infectiousness of the person peaks around the symptom onset time. The basic reproduction number 0 is split into and , given by areas underneath the curve on either side of the symptom onset point, respectively. Interventions to limit transmission: contact tracing brings an infected person out of the transmission cycle at the point of isolation, while testing is effective only when the person has developed high viral load and is already in the infectious period. Two data sets from previous studies are shown (hollow circles (23) and squares (11) ). The mean values and standard deviations are given in the legend. The distribution of the union of the two datasets is shown in solid circles. The red dashed line gives a reference exponential function shown in the legend. b, Probabilities for an infected individual being in each of the three phases at day t after infection. The red curve indicates the boundary between the L+A and S phases. The probabilities that an individual is one day or two days into the S phase can be obtained from respective areas bounded by dashed and dashed-dotted curves, respectively. c, Percentage of the infected population in each phase when the epidemic is growing at a rate . The red curve indicates the boundary between the L+A and S phases. The percentages of the population one day or two days into the S phase are indicated by dashed and dashed-dotted lines, respectively. d, The relationship between the growth rate and basic reproduction number 0 . At = 0.3, 0 is 3.68. 
